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Abstract. Aiming at the practical problem of maintenance decision-making, the remaining useful 
life (RUL) prediction method and the maintenance decision optimization model are studied 
emphatically. Firstly, the condition space model based on Gamma degradation process is 
established, according to the characteristics of the degradation process of the equipment condition. 
Then the RUL expectancy is predicted by this model, and the RUL probability density function 
of the equipment can be got. Finally, this model is validated by the data obtained from the roller 
bearing life test. The maintenance decision model is established with the minimum cost as the 
objective, the maintenance decision is optimized, and the RUL prediction and maintenance 
decision are realized. the example proves the validity and feasibility of this model. 
Keywords: maintenance decision, remaining useful life (RUL), Gamma process, cost 
optimization. 
1. Introduction 
Some parts of the machinery will be gradually degradated in the course of using, degradation 
can act as mechanical components wear, crack growth, and corrosion deepening, which is the 
result of a series of physical and chemical effects. Ultimately result of the equipment degradation 
is function failure occurs, but the condition of those degradation is often not measurable or difficult 
to measure directly. In order to obtain the data of the degradation, condition based maintenance 
(CBM) can be used to extract and analyze the condition data of each device, and indirectly reflect 
the health condition of each device, so as to the RUL is forecasted, and the maintenance 
optimization is realized. In this paper, the Gamma degradation process model is used to describe 
the degradation condition performance [1]. The RUL is measured by the model, and the 
maintenance decision model is optimized by using the residual life test results. 
2. Gamma-SSM degradation model 
2.1. Model establishment 
Assuming that the degradation of the condition ݔ is in accordance with the Gamma process, ݕ 
is the observed variable corresponding to ݔ, ݔ௜ is the condition of equipment at the time of ݐ௜, the 
condition equation and the observed equation of this model are shown in Eq. (1-2) [1]: 
ݔ௜ − ݔ௜ିଵ~ܩܽ݉݉ܽ(ߙ(ݐ௜) − ߙ(ݐ௜ିଵ), ߣ), (1)
ݕ௜ = ߅௜(ݔ௜) + ߝ. (2)
Assuming that the system fails when the ݔ reaches the fault setting ݔ௙, as shown in Fig. 1. The 
time required for the system condition from 0 to the fault is shown in Eq. (3): 
௙ܶ = ݂݅݊൛ݐ: ݔ = ௙ܺ, ݐ > 0ൟ. (3)
Assuming that the degradation process of the equipment is a stationary Gamma process, and 
the shape parameter ܽ(ݐ) is a linear function, ܽ(ݐ) = ܽ ⋅ ݐ. The relationship between observed 
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quantity ݕ and the condition quantity ݔ is ݕ = ܿ ⋅ ݔ + ߝ, the degradation model can be expressed 
as Eqs. (4-5) under the condition that the observed sequence is obtained: 
ݔ௜ାଵ − ݔ௜~ܩܽ݉݉ܽ(ܽ ⋅ (ݐ௜ାଵ − ݐ௜), ߣ), (4)
ݕ௜ = ܿ ⋅ ݔ௜ + ߝ. (5)
It can be seen from the hypothesis that the ߝ of observed noise obeys normal distribution with 
mean 0, that is ݕ~ܰ(ܿ ⋅ ݔ, ߪ). The form of the degradation model can be determined as long as 
the value of the parameter is obtained. 
 
Fig. 1. The degradation process of system 
2.2. RUL prediction 
The concrete form of the Gamma condition space model can be obtained after determining the 
parameters of the condition space model, and then the RUL distribution function of the equipment 
can be got and shown in Eq. (6-8) [2]: 
ܨ(߬௜|ݕ଴:௖) = ܲ൫߬௜ + ݐ௜ ≥ ௙ܶหݕ଴:௜൯ = න ݌൫߬௜ + ݐ௜ ≥ ௙ܶหݔ௜൯ ⋅ ݌(ݔ௜|ݕ଴:௜)݀ݔ௜, (6)
݌൫߬௜ + ݐ௜ ≥ ௙ܶหݔ௜൯ = ݌൫ݔ(߬௜ + ݐ௜) ≥ ௙ܺหݔ௜൯ =
Γ൫ܽ ⋅ ߬௜, ൫ ௙ܺ − ݔ௜൯ ߣ⁄ ൯
߁(ܽ ⋅ ߬௜) ,
(7)
݌(ݔ௜|ݕ଴:௜) = ݂(ݔ଴:௜|ݕ଴:௜) ≈ ෍ ݓ௜௦ߜ(ݔ௜ − ݔ௜௦)
ேೞ
௦ୀଵ
, (8)
where: ௦ܰ is the number of partical, ௙ܶ is the equipment failure time, ݓ௜ is the weight of the ݅th, 
௙ܺ  is the failure threshold, ݕ଴:௖  is the observation sequence until the current time, ݕ଴:௜  is the 
observation of the current time, is the ݅th condition monitor time, ݔ௜ is the condition value of ݐ௜ 
time, ݔଵ:௜ = ሼݔଵ, ݔଶ, … , ݔ௡ሽ is the condition sequence of ith monitor and ݕ଴:௜ = ሼݕ଴, ݕଵ, ݕଶ, … , ݕ௡ሽ 
is the degradation quantity of ݐ௜ time. 
In addition, the condition probability density function of the prediction time ݐ௞  can be 
expressed as Eq. (9): 
݌(ݔ௞|ݕ଴:௜) = න ݌(ݔ௞|ݔ௜) ݌(ݔ௜|ݕ଴:௜)݀ݔ௜ = ෍ ݌(ݔ௞|ݔ௜௦) ⋅ ݓ௜௦
ேೞ
௦ୀଵ
. (9)
From the process of particle filter algorithm, the Eq. (8) can be expressed by filtering particles 
ሼݔ௜௦; ݏ = 1,2, … , ௦ܰሽ , the RUL distribution function and probability density function can be 
expressed as Eq. (10-11) [3, 4]: 
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ܨ(߬௜|ݕ଴:௖) = ݌(߬௜ + ݐ௜ ≥ ௙ܶ|ݕ଴:௜) = න ݌(߬௜ + ݐ௜ ≥ ௙ܶ|ݔ௜)݌(ݔ௜|ݕ଴:௜)݀ݔ௜
      ≈ ෍ ݌൫߬௜ + ݐ௜ ≥ ௙ܶหݔ௜௦൯ ⋅ ݓ௜௦
ேೞ
௦ୀଵ
= ෍ Γ൫ܽ ⋅ ߬௜, ൫ ௙ܺ − ݔ௜
௦൯ ߣ⁄ ൯
߁(ܽ ⋅ ߬௜) ⋅ ݓ௜
௦
ேೞ
௜ୀଵ
,
(10)
݌(߬௜|ݕ଴:௜) =
݀ܨ(߬௜|ݕ଴:௜)
݀߬௜ . (11)
Under the conditions ݕ଴:௜ , the average RUL can be obtained according to the following 
Equation: 
തܶோ௎௅ = න (1 − ܨ(߬௜|ݕ଴:௖))
ାஶ
଴
݀ݐ. (12)
3. Maintenance decision optimization model 
According to the current operating condition of the equipment, the maintenance decision 
model, which aims at the minimum cost, can be used to determine whether and when the 
maintenance is to be carried out during the next interval, the failure can be avoided to the greatest 
extent. 
The equipment has two kinds of maintenance strategy: (1) corrective maintenance or failure 
maintenance, that is the maintenance or replacement activities of the fault product before the 
scheduled repair time. (2) Preventive maintenance, that is the maintenance or replacement 
activities when the product reaches its intended repair time [5]. Therefore, the maintenance 
decision model with minimum cost is established according to the standard of maintenance 
decision and the residual life probability density function. The decision process is shown in Fig. 2.  
 
Fig. 2. The sketch map of maintenance decision-making  
3.1. The hypothesis 
(1) The condition detection will be completed every Δݐ, and the moment data of the current 
condition will be obtained. 
(2) If a fault occurs during the test interval, the repairs can be carried out immediately. 
(3) The cost of the preventive maintenance should less than the corrective maintenance,  
௉ܶ < ஼ܶ. 
(4) The initial condition of the equipment will be recovered whether the preventive 
maintenance or the corrective maintenance. 
3.2. The decision model with minimum cost 
The cost of equipment components can be expressed as [6]: 
ܥ( ோܶ) =
ܧ(ܥ)
ܧ(ܶ), (13)
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ܧ(ܥ) = ௙ܿ × ௙ܲ + ܿ௣ × ௣ܲ + ݊ܿ௜ = ௙ܿ × ݌(߬௜ < ோܶ − ݐ௜|ݕ଴:௜) + ܿ௣ × [1 − ݌(߬௜
< ோܶ − ݐ௜|ݕ଴:௜)] 
      +݊ ⋅ ܿ௜ = ܿ௣ + ൫ ௙ܿ − ܿ௣൯ ⋅ ݌(߬௜ < ோܶ − ݐ௜|ݕ଴:௜) + ݊ ⋅ ܿ௜,
(14)
ܧ(ܶ) = ݐ௜ + ( ோܶ − ݐ௜ + ௉ܶ) ⋅ ቈ1 − ݂(߬௜ < ோܶ − ݐ௜|ݕ଴:௜)] + න (߬௜ + ௖ܶ)݂(߬௜|ݕ଴:௜)݀߬௜
்ೃି௧೔
଴
)቉, (15)
ܥ( ோܶ) =
ܿ௣ + ൫ ௙ܿ − ܿ௣൯ ⋅ ݂(߬௜ < ோܶ − ݐ௜|ݕ଴:௜) + ݊ ⋅ ܿ௜
ݐ௜ + ൫ ோܶ − ݐ௜ + ௣ܶ൯ ⋅ [1 − ݂(߬௜ < ோܶ − ݐ௜|ݕ଴:௜)] + ׬ (߬௜ + ௖ܶ)݂(߬௜|ݕ଴:௜)݀߬௜்ೃି௧೔଴
, (16)
where: ܧ(ܥ) is the expected total cost for the update cycle, ܧ(ܶ) is the update cycle length, Δݐ is 
the condition monitor intervals time Δݐ = ݐ௜ − ݐ௜ିଵ; ݂(߬௜|ݕ଴:௜) , ௉ܲ  is the probability of 
preventative maintenance, ௙ܲ  is the probability of failure maintenance, ܿ௣  is the costs of 
preventative maintenance, ௙ܿ  is the costs of failure maintenance, ோܶ  is the best time of 
maintenance replaced, ܥ( ோܶ) is the costs during the same time when maintenance replaced time 
is ோܶ, ݐ௜ is the condition monitoring points of the current moments ݐ଴ = 0, ௉ܶ is the mean time of 
preventative maintenance, ஼ܶ is the mean time of corrective maintenance, ܿ௜ is the costs of each 
condition monitor and ݊ܿ௜ is the total costs of condition monitor. 
Since the cost of condition monitor come from equipment, and the sum is relatively small. 
Therefore, in the actual decision, ݊ܿ௜ = 0. 
3.3. The best time of maintenance 
The maintenance time ோܶ  corresponding every monitor time, which possess the minimum 
maintenance cost, is obtained through the cost decision model. When ோܶ − ݐ௜ > Δݐ, nothing to do, 
as far as ோܶ − ݐ௜ ≤ Δݐ occur, the maintenance or replacement will be carry out. The ோܶ is the best 
repair time of CBM [7]. 
4. Application 
Three sets of Rexnord ZA-2155 double-row roller bearings were used in test. The full life test 
of the two sets were completed for model parameter estimation and model verification. The 
censoring life test of third set is completed for maintenance decision. During the whole life test, 
the rotational speed is 2000 r/min, and the load is 10000LB (about 44500 N). The frequency is 
20 kHz and the length is 1 s. there is a strong noise occur in 966 h and 982 h of bearing 1 and 
bearing 2 respectively. The indirect condition observation data y is the average energy of the 
vibration signal, the condition data x is the the wear amount. The average energy chang is shown 
in Fig. 3. 
The model parameters are estimated by using the indirect condition observation data of 
bearing 1, and the parameters of RUL are calculated. [8] The date is shown in Table 1. The 
condition space model based on the Gamma degradation process can be obtained by the model 
parameters, the probability density function of the bearing RUL ݂(߬௜|ݕ଴:௜) can be obtained by the 
above equations.  
Table 1. Model parameter calculation result 
Parameters ܽ ߣ ܿ ߪ
Mean value 0.3542 153.2 7563 1869 
The RUL prediction method is realized by MATLAB 7.0. using the observation data of 
bearing 2, the probability density function of RUL at different condition monitor time (500 hours 
to 750 hours) is shown in Fig. 4. The real values and the estimated values of the RUL at different 
detection time are shown in Table 2. 
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Fig. 3. The average energy change of two sets bearing 
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Fig. 4. RUL probability density at different time (where: * denotes the estimated value  
of the RUL, △ representing the true value of the RUL) 
Table 2. True value and estimated value of residual life 
Monitor time 500 540 580 620 660 700 740 
True value 241 201 161 121 81 41 1 
Forecast values 220 184 148 112 75 39 2 
The maintenance decision of the best maintenance time is completed using the date of 
bearing 3. Assuming ܿ௣ =  600, ௙ܿ =  1200, brought ݂(߬௜|ݕ଴:௜)  into Eq. (16) after taking the 
probability density function of the RUL. The optimal replacement time ோܶ with minimum cost of 
every monitor are obtained, and shown in Fig. 5. 
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Fig. 5. The optimal replacement time at different monitor 
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As we can see in the Fig. 5, the unit time costs decrease first and then increases, as the 
replacement time increases. the optimal maintenance time can be obtained at the extreme point. 
△ representing the replacement time with lowest per unit time at each monitor time. When the 
condition ோܶ − ݐ௜ ≤ Δݐ is satisfied for the first time, ோܶ = 156 h can be calculated by Matlab. So, 
when the replacement time is 156 hours, the unit time cost trend to minimum ܥ( ோܶ) =1306. 
5. Conclusions 
By studying the failure mechanism of the product, the condition spare model is established 
based on Gamma process, the distribution function and probability density function of RUL  
(RUL) are obtained by this model. The maintenance decision model with the most proper 
replacement time and the minimum cost is founded up. It can be seen from the above results that 
the model has some practicality for bearing RUL prediction under the background of this kind of 
test, and the result shows that the model is practical and effective. 
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